Abstract-The age of the majority of power transformers installed in the western electricity network reaches 30 to 60 years and replacement on short term seems eminent. A technically sound policy concerning the replacement of these assets requires a model that estimates the life expectancies of individual components and from that calculates parameters related to the behavior of a population of assets as a whole. A probabilistic approach is adopted and is applied to thermal degradation of the transformer paper insulation. In this paper, we will focus on the determination of the population reliability from individual reliabilities. These individual reliabilities are based on Arrhenius modeling of paper insulation degradation, including the inherent uncertainty in the parameters involved. A statistical failure model is used to obtain the population reliability figures. The modeling method is demonstrated on two populations of power transformers in The Netherlands to evaluate the different replacement alternatives. Using the model, strategies can be defined to maximize transformer utilization and postpone replacement. The downside is the need to replace the complete fleet in a relatively short time afterwards.
I. INTRODUCTION

I
N ELECTRICAL power transmission and distribution networks, power transformers represent a crucial group of assets both in terms of reliability and of investments. The major concerns which drive asset managers to decisions are related either to the age of equipment or to the power demands that have increased over the years. In order to safeguard the required quality at acceptable cost, it is of great importance to base decisions on a reliable forecast of future behavior. In this paper, we focus on forecasting power transformer reliability or, more accurately, on forecasting the power transformer fault probability. We employ a predictive model which involves three essential ingredients: reliability engineering, physical understanding of the degradation process, and actual knowledge of the present condition [1] . The core of the model is a generic description of aging processes that allows one to predict lifetime in terms of future condition and reliability. The model is applied to a single degradation process: ageing of the transformer winding insulation [2] - [9] . Other subcomponents (e.g., bushings and tap-changers) can be included as well [10] .
In the current western electricity network, the majority of the components are installed between 1950 and 1980, the ages thereby varying between 30 and 60 years. Replacement on short term seems to be imminent and utilities are confronted with the following questions:
• What is the life expectancy or reliability of individual components? • How do failure probabilities cumulate to a replacement wave? • (How) can the expected replacement wave be managed? Proper maintenance and proactive grid upgrade increases the expected remaining life of individual transformers and, as a consequence, the reliability of the population as a whole. The individual reliabilities allow selecting the most endangered assets, and the load, maintenance, and replacement policy can be adjusted and fine tuned. The effectiveness of the measures taken can be extracted from the population probabilities.
In earlier work, a modeling approach for individual transformers was presented based on the mechanical strength of the paper insulation [1] . In Section II, this model is briefly summarized and applied to a machine transformer from which actual data were available. Starting from the individual reliability distributions, a method for forecasting the population reliability from the individual reliabilities is described in Section III, [11] , [12] . The technique is applied to populations of transformers of two utilities in The Netherlands. The ultimate goal is to provide an optimization tool for maintenance replacement scenarios. In Section IV, two case studies to study the effect of different replacement strategies are presented. Section V discusses the practical model implementation and in Section VI, conclusions are drawn.
II. INDIVIDUAL TRANSFORMER RELIABILITY
The individual reliability is determined in a three-step process and is based on the mechanical strength of the transformer insulation paper. In the first step, the degree of polymerization of the cellulose chains, DP-value, and its threshold value at which failure is imminent to occur are determined. Next, the uncertainties of these values are incorporated. During the final step, the reliability from the DP value and its uncertainty are calculated. These steps are summarized in Section II-A. In Section II-B, the model is applied to an industrial transformer which suffered a fatal failure and was subjected to extensive investigation.
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A. Transformer Reliability Model
The decline in DP value is a result of a cascaded chemical reaction resulting in the scission of the cellulose chains. A simplified temperature dependency model of the DP value is given by the Arrhenius relation, as is extensively discussed in [4] - [7] . This has led to the following relation: (1) where is the DP value at time , is the initial DP value, and is the time-dependent reaction rate. The reaction rate has the Arrhenius form (2) where is the molar activation energy, is the universal gas constant, is a process constant, and is the absolute temperature. For , the hotspot value of the IEC loading guide [8] is used (see the Appendix). The steady-state hotspot temperature is given by (3) where is the time-dependent relative load per unit. The other input parameters are: oil exponent , winding exponent , loss ratio , ambient temperature , hotspot to top-oil gradient , and top-of-tank oil rise . For determining the uncertainty, an error estimation technique is used, resulting in (2) in (4) where the 's indicate the uncertainties in the corresponding variables.
The reliability is obtained by integration of all DP values, indicated with , according to (5) Here, is the distribution function of the DP value and is the probability that the transformer has failed with a specific DP value. In this case, we use truncated normal distributions with mean equal to the DP value on time , and equal to the uncertainty value. The truncation restricts the distribution domain to values between one and the DP value for new paper. For the DP threshold, paper insulation has a critical condition around a DP value of 250 [8] , [9] . An uncertainty of 10% in this value is assumed (see Section VI).
B. Machine Transformer Example
In 1992, an industrial transformer was installed at an aluminum plant. The transformer parameters are a rated power of 105 MVA, a rated primary voltage of 141 kV, and secondary [4] AND [6] voltage of 10.5 kV, an operating frequency of 50 Hz, and oil natural air-forced (ONAF) cooling. Its thermal parameters are listed in Table I . The transformer was subjected to an extensive investigation after it failed in 2007 due to a winding short circuit. The presence of corrosive sulfur in the oil was identified as the failure cause. Although the transformer did not fail directly by a low tensile strength of the paper-oil insulation, data on the actual hotspot DP value became available and are used to evaluate the model. The transformer winding insulation material is Kraft paper, with the depolymerization reaction rate figures given in Table II . New Kraft paper has an initial DP value of 1200, but after drying, the DP value drops to about 1000. For this transformer, the data on load pattern and ambient temperature were recorded as two hourly values measured on 24 days. These data were available for a limited number of days, spread over a period of almost two years. The measured daily patterns are duplicated up to the missing days until the next sample day. Both this two-yearly load pattern and the ambient temperature profile are assumed to be representative for the transformer's complete life, and are also taken for the missing years. Their maximum and minimum values are plotted for a two-year period in Fig. 1 . The hotspot temperature according to (3) reaches a value of C at maximum load and ambient temperature. Fig. 2(a) shows the model results obtained with the value of the parameter suggested by Emsley [4] . For Fig. 2(b) , the value suggested by Lundgaard [6] is taken. The expected DP values are represented by the solid lines. The dotted lines define the one (standard deviation) confidence bound, representing a 68% probability margin. For the uncertainties, a value of 0.5 kJ/mol is taken for the activation energy and a relative Fig. 2 . Machine transformer paper DP value calculated for Kraft paper degradation according to parameters obtained from [4] (left) and [6] (right). The circle indicates the lowest DP value of all analyzed samples. The dotted lines are the 68% error margin of the simulated result.
error of 10% in , based on the precision with which the corresponding quantities were specified (see Section VI). The calculated DP value at the time of failure, using data from [4] is 622 with a standard deviation of 18% at the time of failure. Using data from [6] , a DP value of 468 with a standard deviation of 25% is obtained. The actual measured DP value of 454 23 is indicated in the plot as well. Both predicted curves have a high uncertainty. This is due to the inaccuracies in the load, ambient temperature, and the transformer characteristics. The actual uncertainty may even be higher, because of the uncertainties in the extrapolation procedure of the load and ambient temperature. The measured DP value agrees with both simulations considering their error bounds.
III. TRANSFORMER POPULATION RELIABILITY
The population model and the population reliability parameters used in this paper are introduced in Section III-A. First, the individual transformer reliabilities are combined; next, a population reliability parameter is extracted. The concept is illustrated on a combined transformer fleet of two Dutch utilities in Section III-B.
A. Population Reliability Model
The individual reliability results, as described in Section II, can be used to obtain the transformer population reliability. The method assumes that the individual reliabilities and, consequently, the failure probabilities , are uncorrelated. The probability that exactly transformers from a population of fail, and the probability that less than failures have occurred at time is given by [11] and [12] (6)
The superscript indicates that at least out of transformers are still operational. It is clear that with large populations and a significant number of failures , a direct evaluation of the equations above is elaborate, due to the number of possible combinations. A far more efficient approach is to apply a pivotal decomposition by considering the following recurrent relation:
The probability that at least out of a set of transformers are operational is equal to the probability that the "last" transformer has failed and from the remaining , at least transformers work, plus the probability that transformer is in working order and a minimum of of the rest are operational. The beginning and end conditions of (7) are and 0. This algorithm reduces the analysis for a system of up to failures from a population of transformers to the order of operations [11] , [13] . Moreover, the results for up to , , etc. are directly available as an intermediate result of the recurrent analysis. With (7) the mean-time-to-failure (MTTF) of the failure of transformers, is
Equation (8) links the time with population reliability. The population reliability belonging to the is defined as (9)
B. Transformer Fleet Example
Large-scale electrification in The Netherlands took place between 1960 and 1980. The installation dates of the combined population of two utilities consisting of 579 distribution transformers are depicted in Fig. 3 . The population model is applied to investigate whether utilities have to be prepared for a failure wave of power transformers in the near future. The installation distribution, more or less normally distributed around 1973 with a standard deviation of 12 years, may result in a peaked future failure rate as well. The IEC transformer design guide [14] assumes a life span of 40 years under nominal loading conditions. If this were the case, a failure wave could be expected between 2010 and 2020, assuming all transformers are nominally loaded. In order to make precise predictions, the actual loads and load cycles of individual transformers must be incorporated. Further, the load is expected to gradually increase in the future. An average yearly growth of about 2% is observed for The Netherlands over the period 1998-2008 according to the statistics in [15] .
As a failure mechanism, the paper degradation model discussed in Section II-A is taken for each individual transformer.
Many transformers lack precise historical data and assumptions have to be made. For the modeling parameters, the following conditions are taken:
• installation date and cooling method is available from the database; • ambient temperature is taken according to the average values; • historical load pattern is used and a regular increase in load is assumed; • the accuracy of all input parameters is taken as 5% of their actual value, except for the load which is taken as 10%; • all transformers are located outside and are cooled by wind; • transformers are continuously in operation. The year of installation and the cooling modes is extracted from the combined population databases. From these populations, next to the installation time, the cooling modes: oil-natural-air-natural (ONAN), oil-natural-air-forced (ONAF), oil-forced (OF), and oil-directed (OD) are used as input parameters. The transformer parameters belonging to the cooling modes are derived from the former current IEC loading guide [8] . For the ambient temperature , the temperature model of the IEC loading guide [16] is used (10) with in hours. The constants in (10) are C, C, 199 days, C, and 15 h based on historical outside temperature averages. The current yearly load growth is about 2%. To obtain the per-unit load, the average for 
One of the critical assumptions is the annual load growth. As a reference, a value of 2% is chosen. In order to determine the sensitivity of the failure wave with respect to the load growth, this parameter is varied. The results are summarized in Table III , and the corresponding graphs are plotted in Fig. 3(a) . A 2% load growth results in a failure peak around the year 2063. A 0.5% lower or higher value shifts the peak 10 years forward or 15 years backwards, respectively. Furthermore, the peak narrows. This is related to accelerated aging, when the rated transformer power is approached. This occurs for every transformer at the same moment, since all of them are assumed to have equal load in the reference year. The sensitivity with respect to the initial load is investigated for a fixed load growth of 2%. Three load patterns were applied, the original value of 0.4 p.u. and the loads where the maximum is scaled to 0.25 p.u. and 0.5 p.u. The results of these simulations are provided in Table III and in Fig. 3(b) . Next to the observation that the lifespan gets shorter with increasing load, it is observed that there is a combined effect of load growth and initial load. An exponential growth tends to disguise the original population distribution, especially at low initial load since all transformers reach their rated power in a relatively short time. If the initial load is already close to the nominal per-unit load, the initial age distribution is more or less conserved.
IV. REPLACEMENT ALTERNATIVES
The transformer population model not only aims to predict future failure rates, but also to analyze the effectiveness of maintenance/replacement strategies. Two case studies are presented. The first example studies the effect of a few hypothetical replacement approaches on the distribution transformer population discussed in Section III-B. The second example investigates the effects on a small population of transformers from which the load history is available.
A. Transformer Fleet Example
This simplified alternative addresses a mitigation action, where any endangered transformer gets assistance in the form of load sharing with a new additional transformer. The model allows investigating the effect of upgrading a yearly number of transformers which have the highest failure probability. As an example, annually six transformers are added to the existing assets to relieve transformers that are expected to have aged considerably. The selection process takes place over a period of 40 years starting in 2009. An initial load of 0.4 p.u. and an annual load growth of 2% is assumed. In the transformer failure distribution of Fig. 4 , it has been seen that the replacement alternative (solid line) results in a reduction and a slight shift of the original replacement probability (dotted line).
There is no preference in the order where to install the first new transformers. This is related to the equal load assumption taken for all transformers. No efficient selection of transformers to be replaced can be made. Only with an extensive monitoring program of the DP value, a transformer selection scheme might be possible. If not, the number of transformers to be added yearly must be of the order of the total number of transformers involved divided by the expected duration up to the expected replacement peak [i.e., about 13 transformers per year (dasheddotted line in Fig. 4) ].
The load of transformers depends on the region they are situated and on the type of users which are connected. The "equal load" assumption is only achieved when transformers would be permutated between substations with relatively large and low load. Even then, the replacement wave would start earlier due to the nonlinear response of aging upon load compared to constant equal loading. In this example, the load growth percentage is varied to enforce diversity in the individual loading scenarios. Five groups of different load growth percentages are formed with an almost equal number of transformers. The load growth percentages are between 1.8% and 2.2% with steps of 0.1%. All other assumptions are kept the same. Further, annually six most aged transformers get load sharing, which reduce their load by a factor two. The results are plotted in Fig. 5 . Observations can be made as follows.
• Compared to the fixed 2% load growth simulation for all transformers (dashed line), the distributed growth rate (solid line) causes a broadening in Fig. 5 and a drop of the peak from 60 to 40 transformers per year. Transformers with high load growth tend to fail earlier and transformers with a relative low growth in load later. • If the policy of six additional transformers is applied, again a broader distribution is obtained for the 1.8%-2.2% load growth situation (dashed-dotted line) compared to the equal growth (dotted line); however, the peak has completely shifted, indicating that now transformers can be effectively selected.
• With distributed load growth, the replacement strategy of six annual transformers (shift of the solid line to the dashed-dotted line) is far more efficient than in an equal load situation (the shift of the dashed line to the dotted line).
B. Three Substation Example
The load of every individual transformer from three Dutch substations, each with three transformers, has been logged every The transformer data as summarized in Table IV are extracted from the manufacturer's test reports. The dynamic temperature model is taken from [8] and [17] and is summarized in the Appendix. The degradation parameters of the applied Kraft paper are taken from Table II (Kraft, [6] ). The ambient temperature of all transformers is assumed to follow the temperature model of the former IEC loading guide [16] as expressed in (10) .
Each substation contains two busbars with each a connected transformer. The third transformer is only connected when one of the others is in maintenance. Since the busbars have unequal load and the spare transformer is only occasionally in operation, the expected remaining transformer lifetimes differ. These individual lifetimes are calculated and combined to a population reliability distribution. This distribution and its reliability density function are plotted in Fig. 7 (solid lines ). An equally shared load over all transformers in each substation is expected to result in a more efficient usage of the assets. To this end, the present loading strategy is compared to a shared load. Consider a hypothetical situation, where as from 2009 the two active transformers share equally the load of both busbars. Further, a rotating scheme is adopted for the third transformer so that over longer time, all transformers are equally loaded. The result of this equal load scenario (dotted lines) is a steeper decline of the reliability and a delay of the first failure. The expected time of first failure is delayed by almost ten years and all transformers are expected to fail in half of the original time span.
V. DISCUSSION
From the annual replacement strategies of Section IV-A, it can be observed that the equal load is most unfavorable since there is no preference in the order of replacement, except for the installation date. The installation date, however, may hardly be reflected in the end-of-life distribution. Further, it can be seen that for a preventive replacement of all transformers, the transformers need to be replaced before the beginning of the failure wave. A variation in load growth percentage between transformers leads to a spread of the replacement wave. As further optimization, one could consider having a dynamic replacement strategy starting with less replacement per year, but after some time, this value is increased. Failure of transformers in the three substations could be delayed by a rotating scheme, so they share more or less equal load. The negative effect is that the transformers will fail in a shorter time span.
Apparently, it is more favorable to have transformers with a significant loss of life before adding an extra transformer than trying to obtain an equal load as much as possible. Judgment of these strategies not only involves a technical reliability model, but requires a complete asset-management approach of which the technical model is a small, but crucial, part. The strategy of spreading the expected replacement wave over a manageable time period faces a difficult selection mechanism, depending heavily on correct information. The information needed for selecting the right set of transformers to be replaced is historical load, historical fault, and failure situations, future load scenarios, future stresses, and maintenance schemes. The benefit of a fixed number of annual replacements is that they are relatively easy to manage. The obvious downside is the fact that the components are not used for their maximum operational life. However, depending on the replacement policy, the maximum utilization by having equal loads for all assets is not necessarily the best strategy economically.
VI. CONCLUSION
A technical reliability model is discussed from which remaining lifetimes of a transformer population can be obtained. This model enables determining the effect of various replacement strategies in terms of reliability. For the optimal replacement and maintenance strategy, the technical reliability model must be incorporated in an integral asset-management decision model, which is out of the scope of this paper. This general model is fed by the output of a technical model as presented here.
The technical reliability model for the transformer (Section II) predicts key values such as DP value, hotspot, and top-oil temperature with the aid of a degradation mechanism model. The benefits of this approach are: 1) the physical processes provide means for long-term prediction and 2) the key values provide feedback about the quality of the model and its parameters.
The transformer reliabilities can be combined in a reliability model for a population of transformers (Section III). It was shown that population characteristics enable judging the consequences of replacement strategies (e.g., to mitigate replacement waves). The model is able to deal with a population of components with diverse individual reliabilities. Populations of a thousand assets can still be effectively dealt with. For larger populations, groups of transformers will have similar parameters, and they can be combined and modeled by single reliabilities. This reduces computation time and reduces the effort to provide all information.
Models predicting future reliability suffer from dependence on available data of the assets. In the presented model, this is partly circumvented by the probabilistic approach. Uncertainties in the input data translate to uncertainties in the predictions, which are accounted for. The parameter uncertainties chosen for the simulation are sometimes rough estimates. Despite these uncertainties, the response on different maintenance and replacement actions can still be compared. Moreover, from the model, the most critical factors determining the uncertainty can be retrieved.
To increase accuracy, parameters can be monitored that are related to uncertain factors. For instance, if the actual DP value of a transformer is retrieved (with some error bound), better predictions can be made. The model can be calibrated from this point onwards. In addition, from the measurement parameter values, describing the paper degradation process and their error bounds can be determined with higher accuracy.
APPENDIX
The top-oil temperature and the hotspot temperatures can be described with a set of three differential equations according to IEC 60076-7 [8] and [17] , [18] . The time derivative of the top-oil temperature contains a heating part due to the current , using an average time response of the oil and a term which involves the heat loss driven by the difference between top-oil temperature and ambient temperature . The top-oil temperature is given by (11) where is the top-oil temperature rise in steady state for the rated current. represents the ratio of load losses at rated current to no-load losses. Power is the exponential power of total losses versus top-oil temperature rise in steady state, and is a correction factor on the average oil response time . The hotspot gradient temperature represents the temperature rise at the windings due to heat generated in the windings and incorporates the different response times of the heat transported through the windings and oil. It can be split in a part accounting for the winding response time and for the oil response time. At rated current, the hotspot-to-top-oil gradient is and is the power of current versus winding temperature rise in steady state. The term corresponding with the winding response can be expressed as (12) with the winding response time and being a factor related to which portion of the heating is due to the winding or to the oil. Factor is a general thermal correction factor. The hotspot oil temperature gradient is given by (13) The hotspot temperature follows from the top-oil temperature and hotspot-to-top-oil gradient at the load considered with (14) 
